The large negative impact of income on time spent online has been attributed to a negative own-price effect created by variation in the opportunity cost of time across internet users.
INTRODUCTION
The analyses of internet usage in the U.S. conducted by Goolsbee and Klenow (2006) and Goldfarb and Prince (2008) revealed that, conditional on having internet at home, low-income internet users spend more time online than comparable high-income users. For Europe, the same pattern has been reported by Pantea and Martens (2013) , which led these authors to wonder whether the "digital divide" had been reversed. In the same vein, Orviska and Hudson (2009) found a negative effect of income on the probability of using certain internet applications. After evaluating four possible interpretations of this seemingly general pattern, Goldfarb and Prince (2008) concluded that the most likely explanation lay in the different opportunity cost of time: As, conditional on adoption, the cost of additional internet usage amounts essentially to the foregone value of time, the cost of usage is higher for high-wage users. Thus, according to this interpretation, the inverse relationship between income and time spent online observed among users would be the result of a negative own-price effect created by cross-people variation in wages. Yet, Pantea and Martens (2013) have cast some doubt on this interpretation finding that the effect of income on time spent online is virtually the same whether people are working or not.
Besides a price effect, the coefficient on the income variable included in the regression for time spent online could also be capturing an income effect. The direction of this is not clear a priori. The most obvious possibility is that high-income internet users demand more leisure and spend, as a result, more time online. 1 In this case, and given that the observed total effect is negative, the positive income effect would be overcome by the negative price effect.
On the other hand, and following Becker's (1965) view of the household as a factory combining non-market time and market-purchased goods in order to produce utility-generating commodities, it is also conceivable that, as income increases, individuals opt to reduce their time spent online and consume, instead, leisure activities of higher quality, i.e. of higher expenditures on goods consumed in conjunction with leisure time. In this case, part of the inverse empirical association between income and time spent online would be driven by time online being an inferior leisure activity.
An additional caveat is that the income variable utilized in the micro-data studies of internet usage mentioned previously is household income, which was the only measure of income available in the selected surveys. Household income, however, is an error-ridden proxy for the survey respondent's wage rate, for certain household income components such as asset income or the partner's wage are not perfectly related to the respondent's wage. As is well known, the presence of measurement error in an explanatory variable tends to attenuate its estimated coefficient and to inadequately control for its confounding effect on the wellmeasured variables.
In this paper, we aim at estimating a model for the demand of time online that permits a clearer identification of income and price effects. Identifying the extent of these responses is a matter of non-trivial importance from both a substantive and a policy viewpoint, for it is an essential precondition for predicting the effect on time spent online of variations in income that leave the opportunity cost of time unchanged (due, for example, to changes in the level of family benefits), and of variations in the opportunity cost of time that leave income almost unaffected (caused, for example, by predicted life-cycle variations in wages). This same belief underlay the study by Goel et al. (2006) assessing income and price-of-access elasticities for the prevalence of internet subscribers/users in OECD economies.
The remainder of the paper is organized as follows. Section 2 discusses the data and the methods employed. The collection by the same survey of information on internet adoption and usage and of information on household and individual income is relatively rare, but it did occur in Spain for [2002] [2003] . Section 3 presents the results. Finally, Section 4 offers a conclusion.
DATA AND METHODS
As in Goldfarb and Prince (2008) , the internet adoption/usage decision is modeled here as a two-stage process. In the first stage, households decide whether to adopt the internet; in the second stage, household members decide how much time to spend online. The estimating equations for the adoption and usage decisions are assumed to follow a Type II Tobit model (Amemiya, 1985) : resembles Mincer's (1963) specification of the labor market supply function for married women. In this way, the parameter 2 γ represents a pure income effect on the demand for I * .
If I * is normal then 2 0 γ > , whereas 2 0 γ < if I * is an inferior activity. Since the only cost of marginal internet usage is the foregone value of time, the parameter 2 α is capturing the ownprice effect on the demand for I * . As explained, for example, in Deaton and Muellbauer (1980, p. 91 average number of activity episodes per day (21.5), the very low prevalence of diaries with fewer than 7 activity episodes (0.1 percent), and the low presence of diaries missing two or years or older in the interviewed households was asked to list the main activity in each 10minute interval of a complete 24-hours cycle (the diary day). These activities were then classified by the survey agency into standardized Eurostat activity codes (listed in Annex VI of Eurostat, 2004) . STUS respondents were also requested to record the use of internet when doing the activity (except for working time), an information which was then codified by the agency into a series of indicator variables, one indicator for each 10-minute interval. In principle, this information would make it possible to construct a very accurate measure of I * .
In practice, the use of internet is underreported: The proportion of 10-minute intervals spent on online household management, communication by computer, and reading news online, in which the internet use indicator equals "No" is 38.9 percent; the other type of measurement error, that the indicator takes on value "Yes" in the course of activities in which one would not expect that internet were being used (e.g., sleep, personal hygiene and dressing, and practicing sports) is virtually non-existent. As to the potential consequences of this underreporting in I * , it is well-known that if its extent were unrelated to the true I * and to the other variables of the model, it would just inflate the variance of 2 ε and bias in the negative direction the coefficient on the intercept. But if the underreporting increased with I * (as the cross-diarists correlation, 0.64, between the number of 10-minute intervals spent on the three online activities listed above and the number of those intervals in which the internet use indicator is "No" suggests), all estimated coefficients of equation (2) would be biased toward zero (Bound et al., 2001, p. 3715-3716) . Previewing our results, the underreporting of I * is not so large that precludes distinguishing the main patterns in the data.
more basic activities (0.5 percent) indicate diary data of good quality (Juster, 1985; Robinson, 1985; Fisher et al. 2012) .
As in Goldfarb and Prince (2008) , our main measure of I * is time spent online for personal reasons irrespective of location, expressed here in minutes per day. More specifically, this measure will sum together all time spent on the three online activities listed in the previous paragraph, all time spent obtaining information by computer, and all 10minute intervals devoted to other non-working activities in which the internet use indicator equals "Yes". With the help of an additional variable that records the diarist's location on the course of the dairy day, I will alternatively define usage as minutes spent online from home.
As to the definition of the leisure measure included among the controls, this will gather all time spent during the diary day on social life and entertainment, sports and outdoor activities, hobbies and games, and mass media, which are activities that we cannot pay somebody else to do for us and that are not biological needs (Sevilla et al., 2012) .
Besides information on the use of time, the STUS 2002-2003 collected several other characteristics of households and household members. Respondents who were working at the time of the survey were asked to report their net average monthly earnings using a sequence of brackets (listed in Table 1 (1) and (2). To overcome this problem, I try two different strategies. First, I run interval regression models (one for males and other for females) for the interval-coded earnings data in order to predict a labor earnings category for non-workers in the age range 16-74. The vector of explanatory variables is here made up of educational categories, age and its quadratic, 7 a foreigner indicator, the group unemployment rate (groups are defined by region, trimester, sex, and age interval), and an intercept. Alternatively, I estimate equations (1)-(2) on the subsample of employed men aged 23-59. As 85.4 percent of these men work, sample selection issues seem less significant for this group.
Included in 2 X are: educational category, whether the respondent is currently married, age, whether the respondent is female, whether the respondent is foreigner, city size category, number of children in the household, leisure time on the diary day (measured in hours), and an intercept. Additionally, 1 X includes: whether a teenager lives in the household, number of cell phones owned by the household (which I view as a proxy for optimism toward technology), and whether the household owns the home (I guess owners are more likely to bear technology installation costs). In the subsample, 2 X controls further for the respondent's occupation, whereas 1 X also contains whether the respondent brings work home and whether the respondent telecommutes, which are likely to increase the need for connection but not necessarily personal internet usage.
Before proceeding with the results, an issue requires some discussion. The Type II
Tobit model is a model for sample selection, that is, it assumes I * is observed only when the household has adopted the internet. Our situation, however, is different, because individual time spent online can be observed even when the household has not adopted. It is also possible that 0 I * = even if the household has adopted. In our main sample, for instance, 82.0 percent of respondents living in households with internet connection did not use internet on the diary day. (That proportion is zero in Goldfarb and Prince (2008) For comparison purposes, columns (1) and (2) of Table 2 show the estimation results of the   Type II Tobit specification presented in the first two columns of Goldfarb and Prince (2008,   Table 2 ), but now obtained on our full sample. Results with individual labor earnings included among the explanatory variables are presented in columns (3) and (4) (2) and (4), which
show the reduced-form probit regressions for the household internet adoption decision, an adjustment factor that allows the marginal effect of continuous variables and an approximation to the marginal effect of discrete variables to be computed, is also presented.
The marginal effect of a probit model is
where the adjustment factor ( ) 11 1 1 SW X φ γα β ++ is estimated by plugging in the parameter estimates and then averaging across observations.
Particularly as regards to the quality of the data on I * provided by the STUS 2002-2003, it is reassuring to find that the estimates in columns (1) and (2) are generally consistent with Goldfarb and Prince's results. The main exception to this is the effect of education on usage, which is positive (but small). Thus, although the estimated coefficients of equation (2) could be here attenuated and measured less precisely than they could, the underreporting of I * does not seem so large that precludes distinguishing the main patterns in the data.
Observing the effect of household income, we see, as expected, that the probability of internet adoption increases almost evenly in this variable, and that internet usage decreases as more income is available. This decrease, however, is not continuous, for it presents a flat region in the range €2000 -€4999.99.
Estimates experience little change when labor earnings are included among the regressors (see columns (3) and (4) of Table 2 ). Again, the main exception to this is the positive effect of education on internet usage, which becomes larger and statistically Hence, I have re-estimated the models in Table 2 on the subsample of employed men aged 23-59. Since, by construction, all respondents in this group are employed, their earnings interval is observed, and thus there is no need to predict it. Table 3 presents the results.
Looking first at columns (1) and (2), which do not control for individual labor earnings, parameter estimates are consistent generally with those in Table 2 , although they are now measured less precisely. Therefore, the patterns of internet adoption and usage among primeage male workers do not appear to differ much from the behavior observed in the whole sample. Workers with at least a high school diploma devote some 6 minutes more per day to internet than comparable workers who did not graduate from high school. As to the effect of household income, we find, again, that the probability of internet adoption increases evenly in this variable, and that internet usage tends to decrease as more income is available. This decrease, however, is not uniform, but presents reversions in the ranges €1000 -€1499.99 and €3000 -€4999.99. It is surprising that the estimated household income effects in the usage equation are smaller in most cases than those shown in Table 2 , even though household income seems a priori a better proxy for a worker's price of internet usage than for a nonworker. When labor earnings are controlled for, (columns (3) and (4) of Table 3 ), time spent online for personal reasons tends to decrease with household income, and now the effect becomes somewhat larger. As in the whole sample, the inverse relationship between internet usage and household income seems the result of a negative income effect on the demand for time spent online. Regarding the effect of labor earnings, usage, again, does not decrease uniformly as labor earnings increase, although most workers earning at least €500 per month spend less time online than a comparable worker with a pay of less than €500. The difference, however, is measured imprecisely and does not attain statistical significance.
These results appear to be robust to a variety of alternative specifications. The model in expressions (1) and (2) was re-estimated using time spent online from home as the empirical counterpart to * I . As shown in Table 4 , the main conclusions are preserved. The in turn, be related to some of the explanatory variables, unobserved household heterogeneity could be playing some role in generating the results. To control for this possibility, I randomly selected one diarist per household and re-run the models in Table 2 . Results are presented in Table 5 . The effect of education on internet usage becomes not statistically different from zero. The other estimates do not change much, though they are less precisely measured.
In accordance with previous studies, the preceding results indicate that subsidizing home internet access has a favorable impact on household adoption rates. But our main results also suggest that money transfers to families that leave unaltered internet users' opportunity cost of time will reduce internet usage among adopters. What do higher income adopters do with the extra time not spent online? Although investigating this issue is beyond the scope of the paper, the charts assembled in Figure 1 suggest that part of the extra time could be spent on alternative offline leisure activities. Most of these activities will have to be of higher quality, as virtually no goods are consumed in conjunction with time online.
CONCLUSIONS
The size of the negative partial effect of income on the demand for time online observed among Spanish internet users barely changes when a measure of the individual wage rate is included among the regressors. This result indicates that the variation in the opportunity cost of time across income groups is not driving that effect, which seems, rather, the consequence of time spent online being an inferior leisure activity. Using the labor/leisure margin of decision to approximate the opportunity cost of internet usage, we also find that the own-price effect in the demand for time online is negative only in certain ranges of the wage distribution, and that the effect of education on internet usage is mixed: (1) and (3) and Probit in columns (2) and (4). Standard errors clustered at the household level are in parentheses. Non-workers' labor earnings have been predicted from an interval earnings regression run on workers only. Unreported categories: in columns (1) and (2), household income < €1000, less than high school graduate, and living in other city with ≤ 100,000 people; in columns (3) and (4), those in columns (1) and (2) plus respondent's earnings < €500. * Significant at 10 percent; ** significant at 5 percent; *** significant at 1 percent. (1) and (3) and Probit in columns (2) and (4). Standard errors clustered at the household level are in parentheses. All regressions include occupation fixed effects. Unreported categories: in columns (1) and (2), household income < €1000, less than high school graduate, and living in other city with ≤ 100,000 people; in columns (3) and (4), those in columns (1) and (2) plus respondent's earnings < €500. * Significant at 10 percent; ** significant at 5 percent; *** significant at 1 percent. (1) and (2), non-workers' labor earnings have been predicted from an interval earnings regression run on workers only. Regressions in columns (3) and (4) include occupation fixed effects. Unreported categories: in columns (1) and (3), household income < €1000, less than high school graduate, and living in other city with ≤ 100,000 people; in columns (2) and (4), those in columns (1) and (3) plus respondent's earnings < €500. * Significant at 10 percent; ** significant at 5 percent; *** significant at 1 percent. 
